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Abstract. Information technology is increasingly becoming an integral part of 
contemporary life. Most tasks that are performed over the course of a day, involve 
the use of different types of connected devices.  About two billion contemporary 
consumers use smartphones [1]. These smartphones contain a variety of sensors 
that can collect information about their users such as their mobility patterns, daily 
activities and occupancy patterns [2]. Meanwhile other technologies such as elec-
trical power usage are becoming increasingly “connected” through use of “smart 
plugs”.  Occupancy is an important aspect in developing responsive environ-
ments and for optimizing building performance.  This work investigates the ex-
tent to which smartphones can be used to collect occupancy data in a work envi-
ronment, compared to another method that uses smart power outlets for collecting 
occupancy data and validated against diary entries, which are recorded manually 
by participants each time they change their occupancy state.   
Keywords: Activity Recognition · Human Factors · Human-systems Integra-
tion · Energy consumption detection · Bluetooth · User-centered Design · Privacy 
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1 Introduction 
   Human occupancy and presence are the main factors that cause uncertainty in build-
ing performances. This is mainly due to the complexity of human behaviour that is 
affected by many measurable and non-measurable factors such as age, abilities, habits, 
and culture. Therefore, understanding human occupancy and presence patterns would 
enable better management of indoor spaces by adapting the indoor space parameters 
based on the occupancy pattern of individuals [3]. Human activity recognition and pres-
ence detection have classically been part of computer vision and motion-sensing re-
search [4].  However, computer vision is not only intrusive but also relatively expen-
sive, as multiple cameras have to be installed in different locations in the environment. 
The main aim of the research is to verify if the use of unobtrusive, low-cost technologies 
 
 
and an analytical model can identify and recognize daily occupancy for a defined num-
ber of voluntary users working at their workstations in an open office space. 
The research outcomes concern the creation of a validation protocol to be tested in a 
pilot study which involves the use of multiple technologies as Belkin Wemo Smart 
Plugs for electricity consumption monitoring, a gateway for detecting users’ 
smartphone Bluetooth signals and a user-based diary form, used to validate the results 
generated by the system.  
2 Related works 
The literature points out several methods for collecting occupancy data in office en-
vironments. In Sun et al. work [6], the database associated with magnetic employee 
cards, used to access a building, was used to collect overtime occupancy infor-
mation.  In Mahdavi, et al. work [7], motion sensors were placed on the ceiling of office 
spaces and configured to detect motion every 100 seconds.  In Andersen, et al. work 
[8], occupancy of workspaces was deduced from the electrical lighting ballast status in 
individual workspaces.  In Candanedo, et al, work [9] video cameras were used to cap-
ture images of a shared office environment to determine occupancy in addition to tem-
perature, humidity, and CO2 sensors.  In Balaji et al. and Christensen et al. [10,11], a 
Wi-Fi enabled device was used to detect Wi-Fi activity and so determine the occupancy 
in an office space. Smartphone sensors have been used in Rana et al. work [12] to de-
termine occupancy, mainly through the use of data from accelerometers and micro-
phones. Lam et. al [13] used a similar approach to the one proposed here, where smart 
wireless outlets were placed at the workstations of employees to collect the electricity 
consumption at five minute intervals.  In addition, a computer program was used to 
identify activity on each workstation computer and a wearable device (Fitbit enabled 
Bluetooth) was used to indicate the presence of the participants. 
3 Methodology 
Although smart plugs can influence the dynamic behavior of electrical current, it is 
possible to detect the approximate electrical consumption of different workstations on 
a second by second basis, by using devices such as Belkin Wemo Smart Plugs [14].  
The proposed infrastructure for this work is composed of a set of four Belkin Wemo 
Smart Plugs, and an embedded Linux gateway, which collects Bluetooth information 
from participant’s personal smartphones. This can be compared to a user-based pres-
ence register, which is manually filled in by each user. 
The first step in using this infrastructure focused on developing a plan of the test 
workspace environment, showing the position of users’ workstations, desks, chairs and 
any possible obstacles that would obstruct the signals. Before setting up the test area, 
the operation of the system at different positions of the gateway was tested. With the 
help of the plan, the Bluetooth proximity of the participants’ mobile devices was meas-
ured and recorded in order to refine the reading thresholds for occupancy/non-occu-
pancy of the workspace. The same process of calibration and presetting was undertaken 
for measuring the potential correct thresholds (computer in use/computer not in use) to 
be measured from the smart plugs. 
 
3.1 Calibration and data collection 
 
The calibration consisted of measuring the Bluetooth RSSI signal, at various dis-
tances from the gateway. It was noticed that if the smartphone was situated between 1 
and 3 meters from the gateway, the RSSI signal strength was 0 dBm in most of the 
measurements. The signal strength decreased gradually as the smartphone moved away 
from the gateway with higher measurement variation as shown in Figure 1. The box 
plot in the bottom right corner of Figure 1 shows measurements of the signal from 
phones that are situated outside the office environment which were at a distance of 12 
meters from the gateway and separated by a door/wall. The maximum signal strength, 
outside of the room was recorded at -19 dBm while the minimum signal measured in-
side the room was -15 dBm.  After a number of tests, the mean value for the “occupancy 
threshold” for RSSI signal strength was chosen to be -17 dBm. This value was then 
used to distinguish whether a participant was considered to be inside or outside the 
working environment.  
 
Fig. 1. Box plot of RSSI signal measurements at various distances from the gateway.  
Each smart plug was connected via a Wi-Fi network with the gateway which was 
also used for collecting the Bluetooth signal and so acted as a receiver of both Wi-Fi 
and Bluetooth signals. The calibration process for the smart plug system consisted of 
analyzing different values, taken from smart plugs attached to each participant’s work-
station (measuring the combined electrical consumption at 30 seconds intervals of the 
desktop and monitor), by using a purpose-built Linux application utilizing the Oui-
meaux Python library [15]. The next step involved the determination of the current 
threshold that indicates that a workstation is in use, is in standby mode or off.  Figure 2 
shows how the consumption drops from 27 W to 16 W when the screen switches to 
standby mode, but the computer is still on. A much more obvious drop in computer 
power consumption from 16 W to about 1.5 W can also be observed when the computer 
switches into sleep mode and the monitor is in standby mode. According to the collected 
data, there was a “spike” of electrical current every time a change of mode occurred. It 
was calculated that the screen consumes about 11-13 W while the desktop computer 
consumes a minimum of about 16 W. Therefore, a jump of an amount of 11-13 W 
would indicate a change of state related to the participant interacting with the work-
station. Prior to the start of the data collection, participants were asked to provide their 
Bluetooth ID and to enable Bluetooth visibility on their smartphone by “pairing” with 
the gateway. For reasons of anonymity and, each device and smart outlet was renamed 
as “participant 1,2,3,4”.  
 
Fig. 2. Measurements of electrical consumption of screen and desktop during 
screen standby mode and desktop sleep mode. 
4 Findings and data evaluation 
For each participant, occupancy data were collected every 30 seconds for five days 
between 10:30 and 18:00 that resulted in 4500 records from the Bluetooth signals and 
another 4500 for power consumption, both sets of data were recorded into a MySQL 
database.  Using the collected data, precision and recall figures were calculated using 
equation 1, where O/O refers to the occupancy collection mechanism indicating an “oc-
cupant” state and the corresponding diary entry also indicates the same state, O/NO 
indicates that the occupancy collection mechanism indicates an “occupant” state while 
the corresponding diary filled by the participant indicates the opposite.  Finally, NO/O 
refers to the occupancy collection mechanism indicating a “Non-Occupant” state while 
the diary indicates an “Occupant” state.    
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑂/𝑂
𝑂/𝑂+𝑂/𝑁𝑂
, 𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑂/𝑂
𝑂/𝑂+𝑁𝑂/𝑂
. (1) 
  𝐹 − 𝑠𝑐𝑜𝑟𝑒 = 2 × 𝑅𝑒𝑐𝑎𝑙𝑙 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 
(2) 
 The latter method indicated occupancy, while the participant was not at the work-
station (O/NO) since the monitor does not go to sleep mode immediately after the par-
ticipant leaves the work station.  In addition, when it happens that the participant is at 
the desk but he/she is not using the computer, then the system indicates no occupancy 
as the monitor is off (NO/O) (Table 1).   
Table 1.  Comparison of Bluetooth and electrical consumption readings. 
 
# Method used  O/O O/NO NO/O Precision Recall F-score 
1 
Bluetooth based 1479 14 24 0.99  0.98  0.99  
Power based 1275  277  63 0.82 0.94  0.88 
 2 
Bluetooth based 933  22  71  0.97  0.92  0.92  
Power based 1060  212  89 0.83  0.92  0.87  
 3 
Bluetooth based 1537 3  75  0.99  0.95  0.97 
Power based 1324  211 95  0.86  0.93  0.89  
4 
Bluetooth based 1574  99  197  0.94 0.88  0.91  
Power-based 
      
Figure 3 shows the behavior of electrical consumption more clearly.  The 
smartphone-based system demonstrated the accuracy for all the participants, even if one 
of the four participants was located 8 m away from the gateway so sometimes the signal 
might have indicated smaller values than the threshold.    
 
Fig. 3. Electrical consumption related to different occupants. 
5 Conclusions & future work 
Based on the findings, we can state that the change in the level of the electrical cur-
rent can easily be used to understand room occupancy at a commercial workstation, 
albeit with a latency of 5 to 10 minutes. On the other hand, a Bluetooth signal from a 
smartphone is more accurate and can validate the changing of state in room occupancy 
without requiring configuration of when a monitor goes to sleep. One limitation of this 
study concerns the recent versions of Android and iOS, which restrict the use of dis-
covery mode for Bluetooth. The other limitation relates to the use of multiple smart 
outlets that communicate data over Wi-Fi to a single gateway, which proved to be an 
unreliable approach, as some data records were lost. In perspective, this work will be 
extended to include a probability predictive model based on historical data and will 
potentially predict the probability of occupancy and deduce the most probable activity 
of the participant. The data collected can be condensed into a model based on the para-
digm of web-based automator services that allows users to create chains of simple con-
ditional statements and managed by a probabilistic/mathematical framework for mod-
elling decision making [16]. 
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